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Abstract

Forethought deployment of an industrial production system is a significant step towards improving economic benefit
of an industrial company. The author proposes the procedure for finding an optimal specification of multirobot
system, which considers it on the level of components of the robotic system. Components are grouped into mobile
or stationary units of the system. A set of agents is considered as a solution for particular mission, it defines a
specification of a heterogeneous multi-robot system. The paper presents the concept of the optimization procedure
and describes the implementation of investment costs optimization step, which uses genetic algorithm.
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Introduction

Last decade is peculiar by a growth of applications
of robotic system in various fields. Robotic systems
are being for such purposes as production process
automation (Jammes and Smit, 2005) and intelligent
manufacturing (Almeida, 2011). An increasing
number of applications is reported in such domains
as medicine (Davies, 2010), elderly care (Hansen
et al., 2010) or daily life as household companions
(Parlitz et al., 2007). An increasing interest in the
research of heterogeneous multi-robot systems is
caused by variety of their advances in comparison
with homogeneous robotic systems (Shen and Norrie,
1999; Bi et al., 2008). Because of expected increase
of the demand for heterogeneous robotic systems,
the task of design and development of an optimal
system becomes important (Kiener and Stryk, 2010).
The economic benefit of a company depends on the
effectiveness of robotic production system.

Active researches within robotics field primarily
focus on novel methods for such aspects as intelligent
control (Nouyan et al., 2009), world modeling
(Coltin et al.,, 2010), communication (Mathews
et al, 2011), etc., but the configuration of the
system is not considered among the improvable
parameters and is usually predefined or selected
intuitively. However, the performance of the whole
system is strongly influenced by characteristics and
functionalities of the individual robots (Levi and
Kernbach, 2010). The author proposes a specification
optimization procedure, which purpose is to overcome
aforementioned drawbacks.

The paper describes a concept of proposed
optimization procedure and presents investment costs
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estimation model for heterogeneous robotic system
which is used for evaluation of solution candidates.
The implementation of evaluation step of specification
optimization procedure is described in details. It is
based on genetic algorithm (Holland, 1975) and uses
costs estimation model as an objective function.

Materials and Methods

The specification of a multi-robot system defines
types of agents (classes), their functions as well as
a number of instances of each class of agents in the
system. Optimal specification of a multi-robot system
is such a configuration of the system that maximizes
the objective function. The author uses investment
costs as a primary evaluation criterion for current
research. Investment costs define all expenses required
to design, implement and deploy a multi-robot system
from the scratch into production environment and do
not include expenses related to the operation of the
system. A usual business requirement is to reduce
investment costs, therefore an inversed optimization
objective function is used.

According to the developed specification
optimization procedure, several concepts have
been defined (see Figure 1). Component stands
for a definition of function of the robotic system.
Components are grouped together in order to form
an agent (rather, mobile robot or a stationary unit).
Solution is a specification of a heterogeneous robotic
system, it defines types of agents and a number of
their instances used to carry out a mission. A number
of rules is applied before considering any combination
of agents as a solution.

Solution

Figure 1. Conceptual model of the solution.
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Figure 2. Specification optimization procedure.

Specification optimization procedure specifies
three consecutive steps (see Figure 2). First of all,
business requirements are defined by an industrialist,
and then the optimization objective function is
developed. Finally, heuristic algorithms are used to
find the fittest solution. Detailed description of steps
of the procedure is provided in (Komasilovs and
Stalidzans, 2012).

An investment costs estimation model is
developed with the aim to perform fast evaluation of
a large number of solution candidates. According to
the concept of specification optimization procedure,
the mission for a multi-robot system is defined using
a list of components. Investment costs model assumes
that components have additional properties, which are
related to the costs of a particular component.

Investment costs could be divided into several
positions described below. The proposed model imply
that investment costs of the whole system (Q. )

nv:
equal to the sum of investment expenses for agents

Qi agent). Expenses for system design are applied as
an additional fraction (c _coefficient):
sys_design
Qinv = (1 + Csys_design) x Z Qinv_agent (1)

Investment costs of agent (Q, | agent) consist of
design costs of a particular type of agents (Q design)
and production expenses (Qplro o) of all instances of a

particular class of agents:
Qinv_agent = Qdesign + Qprod % I\Iinst (2)

Design costs (Q design) depend on the number
of components (Ncomp) involved into design of a

particular class of agents, and the author assume that
it grows exponentially. Coefficients (¢, and Cexp) are

used to tune the growth dynamics according to real
prices of the design:

Qdesign = CIin X Exp (Cexp x Ncomp) (3)

Production costs of an agent (me 4 equal to the
sum of expenses, required to purchase the components

(Qcomp) as well as agent assembly expenses (Qassy):

Qprod - Z Qcomp + Qalssy (4)

Assembly costs of an agent (Qassy) grow
exponentially depending on the number of components
used in the agent (N

comp)
Qassy = CIin X Exp (Cexp % Ncomp) (5)

Values of Qcomp

by the user of optimization procedure; coefficients
C,i, and Cexp both for design and assembly costs are

defined on the level of an optimization problem.

for each component are defined

Results and Discussion

The paper describes implementation of the third
step of a multi-robot system specification optimization
procedure which uses investment costs estimation
model presented in the previous chapter. The author
uses genetic algorithm as a heuristic optimization
method. In general, genetic algorithm mimics the
processes of natural evolution such as inheritance,
mutation, selection and crossover. The population of
solution candidates evolves towards better solutions
through generations. The fitness of every solution
candidate is evaluated in each iteration, and the fittest
candidates are used to form the next generation (Eiben
and Smith, 2003).

One of the most challenging aspects in any
application of a genetic algorithm is the development
of a fitness function which is used to evaluate solution
candidates in each iteration. The author uses costs
estimation model as a fitness function for the genetic
algorithm described in the previous section.

Another challenging aspect is the implementation
of genetic representation of a solution domain. It
should cover complete solution space and be stable
against local extremes. According to the concept,
a solution is a set of agents. Thus, every solution
candidate should encode such set of agents. There
are two attributes related to a particular agent: class
of agent, and the number of its instances used in
the solution. Because of the requirement to cover a
full space of solutions, all types of agents should be
encoded within a chromosome.

Classic application of a genetic algorithm implies
the use of bit-value genes. In case of specification
optimization problem, such genes could define types
of agents, but not the number of instances. Also it is
possible to add additional bit genes for encoding the
number of instances, but in such case the number of
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Figure 3. Conceptual object diagram.

genes within a chromosome (its length) would grow
dramatically.

Because of that the author has selected integer
genes to encode the set of selected agents within the
chromosome. The range of values of agent genes is
limited to non-negative integers. Gene with a value of
zero means that particular type of agents is not used
in the solution. Genetic operators for such genes are
implemented randomly changing the value of the gene
by the defined threshold.

The multi-robot system specification optimization
software was developed using Java programming
language and JGAP genetic algorithms package
(Meffert et al., 2012). A number of special objects
were involved into implementation of specification
optimization procedure (see Figure 3): objects from
JGAP package (white), as well as custom objects
(gray).

Every specification optimization case (the
mission) is defined as a project. The user defines a list
of components required for performing the mission,
as well as properties of these components. Then the
list of components is used to automatically generate
the list of possible agent classes. The optimization
problem for a genetic algorithm is defined trough a
special configuration object. It has a lot of specific
properties; most important of them is the sample
chromosome, which is used to breed the population
of solution candidates. Agent genes are used in the
sample chromosome. They are the extension of
integer genes with the only added field, which refers
to the agent instance they represent.

Another important object related to configuration
of the genetic processor is the custom fitness function,
which in this case implements the investment costs
estimation model described above. Configuration
also allows specifying a number of genetic operators
involved into processing. Natural selection is
implemented by selecting best 90% of solution
candidates into breeding of the next generation.
Mutation operator is applied to genes with probability

of 0.08. Crossover is applied to 35% of candidates
selected for the next generation.

Configuration object specifies also general
properties for the genetic algorithm, such as
maximum size of population (value of 200 was used in
implementation) or allowance of identical individuals.
After setting all required properties, the configuration
object is used to create a genotype — the population of
solution candidates. Then genotype evolves according
to the specified fitness function and genetic operators.
The number of generations is limited to 500. After
finishing evolution, a solution of the optimization
problem (the best specification of the multi-robot
system in terms of investment costs) can be retrieved
from the fittest chromosome of the genotype.

Conclusions

1. The paper presents investment costs estimation
model for a heterogeneous multi-robot system.
Investment costs for a particular system are
estimated using user specified properties of the
components (e.g. price). Also an assumption is
used within the model, according to which the
design and assembly costs of an agent (a robot, in
particular) grow exponentially from the number of
components used in it.

2. The implementation of heuristic evaluation is
based on a genetic algorithm. The optimization
task setup is described in the paper, as well as
the software implementation model is presented.
Adjusted parameters of the genetic algorithm
allowed a fast and reliable evaluation of the
solution candidates. The fitness function of the
genetic algorithm corresponds to investment costs
estimation model.

3. Specification  optimization procedure  was
developed as a formal analysis method for
heterogeneous multi-robot systems and it allows
elimination of non-optimal solution branches with
minimal effort.
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